Abstract-Blebbing is an important biological indicator in determining the health of human embryonic stem cells (hESC). Especially, areas of a bleb sequence in a video are often used to distinguish two cell blebbing behaviors in hESC: dynamic and apoptotic blebbings. This paper analyzes various segmentation methods for bleb extraction in hESC videos and introduces a bio-inspired score function to improve the performance in bleb extraction. Full bleb formation consists of bleb expansion and retraction. Blebs change their size and image properties dynamically in both processes and between frames. Therefore, adaptive parameters are needed for each segmentation method. A score function derived from the change of bleb area and orientation between consecutive frames is proposed which provides adaptive parameters for bleb extraction in videos. In comparison to manual analysis, the proposed method provides an automated fast and accurate approach for bleb sequence extraction.
INTRODUCTION
B LEBS are membrane protrusions that appear and disappear from the surface of cells. The extraction of blebs and their changing area over time in live videos is important for understanding the mechanisms and function of human embryonic stem cell (hESC) blebbing behavior. The nature of blebbing behavior can be used to evaluate cell healthdynamic blebs indicate healthy cells and apoptotic blebs indicate dying cells. The ability to analyze rates of bleb formation and retraction are important in the field of toxicology and could form the basis of an assay that depends on a functional cytoskeleton [1] , [2] , [3] . The biologists attempt to clarify the difference between dynamic and apoptotic blebbings in hESC by comparing the time of their occurrences. Blebbing is considered to be related to signaling pathways. It is significant for biologists to have enough evidence to determine whether Calcium, ATP and P2 Â 7 inhibitors can change the blebbing behavior through the Rho-Rock Pathway or not. Inhibitors can alter blebbing behavior by either blocking the pathway leading to myosin activation or inhibit myosin directly. The dynamic segmentation of blebs enables a rapid analysis to make quantified measurements on very large datasets collected with hESC under different experimental conditions. All this leads to the understanding of foundational mechanisms and function of blebbing which can ultimately control/regulate dynamic blebbing in hESC.
Two types of bleb characterization are needed to be understood: Image characterization and physical characterization of blebs. Image characterization of blebs requires the development of computational methods that can provide high detection accuracy with minimum user interaction with blebs in video. Physical characterization of blebs provides enormous understanding of the dynamic cell behavior. For example, it enables the development of a method to prevent blebbing behaviors that lead to cell death. Bleb detection in video is a way to accelerate our understanding of blebs for the development of its physical characterization.
This paper uses the H9 line of hESC (WiCell, Madison, WI.) which are normally about 10 microns in diameter. The average bleb-to-cell body ratio is about 16:57. In 2D images, a single cell can have an average of 6 or a maximum of 11 blebs with a 20x objective. This paper is intended to explain the bleb formation phenomena and to introduce a method to segment sequences of bleb regions in video for further analysis. Bleb formation consists of two processes: 1) expansion; 2) retraction [4] , [5] . In the first stage, the bleb expands sporadically. During the retraction stage, the bleb either retracts back and disappears or partially retracts. Complete bleb retraction normally occurs during dynamic blebbing, which is a characteristic of healthy cells. However, if bleb retraction does not occur or occurs slowly, the cell is likely undergoing apoptosis or cell death. Fig. 1 shows the sequences of both bleb expansion and retraction. During expansion, bleb size increases while cell body size decreases. In contrast, during bleb retraction, bleb size decreases while cell body size increases. At the final stage of expansion, the bleb is called an intermediate bleb. The intermediate bleb indicates that transition from expansion to retraction is occurring. The intermediate bleb has the maximum bleb size in full bleb formation process.
Figs. 2 and 3 show phase contrast images of blebbing sequences for both expansion and retraction. The expansion and retraction processes are visually similar but biologically distinct [6] , [7] . Based on our observation on the videos, the change in area and orientation between blebs from the consecutive frames are important for the segmentation of blebs.
With the modeled distributions of the change in area and orientation, adaptive parameters for segmentation methods are possible. Additionally, segmentation methods with adaptive parameters improve the performance in the detection of blebs.
Section 2 presents related work and the contributions of this paper. Section 3 describes the technical approach in detail. Section 4 provides experimental results and discussions on video data. Finally, Section 5 provides the conclusions of the paper.
RELATED WORK AND CONTRIBUTIONS

Blebbing of Human Embryonic Stem Cell
Both hESC dynamic and apoptotic blebbings consist of two processes: expansion and retraction. From our previous studies, we observed that hESC tends to have more blebs as well as having a higher rate of blebbings. Apoptotic blebblings in non-healthy cells are commonly studied. However, blebs exist in both healthy and non-healthy cells. Therefore, it is essential to analyze dynamic blebbings in healthy cells. Understanding the differences between both dynamic and apoptotic blebbings' mechanism and function can lead to a breakthrough in development of regenerative medicine.
Computational Models for Blebbing
Charras et al. [4] , [5] reasoned that blebbing depends on parameters such as pressure, membrane-cortex, adhesion energy and membrane tension of a cell. The plasma membrane of a hESC is attached under tension to a cortex of filaments. If the connection with the filaments is weakened, a bleb is produced by an event of pouring cytoplasmic fluid into the weakened region. When the growth of the bleb stops, the bleb either retracts or stays the same. If an actin cortex reforms under the bleb membrane, retraction is likely to occur and is driven by myosin-II.
StryChalski et al. [6] assumed that blebbing occurs due to detachment of the cytoskeleton from the plasma membrane, which produces a pressure-driven flow of cytosol toward the area of detachment and into the area of expansion. They proposed a computational model of blebbing based on the mechanics of intracellular fluid, the actin cortex, and the cell membrane. The model considers the bleb formation time as a function of parameters derived from cytoplasmic properties [6] . A similar model has been proposed in [7] .
Detection and Segmentation Methods for Cells
Due to the abundance, heterogeneity, dimensionality and complexity of the image data, manual image processing and analysis is not feasible. In the analysis of biological images, the performance of a segmentation method heavily depends on the tuning of segmentation parameters [8] . It is a tedious process yet the tuned parameters do not guarantee the same performance on similar images. Object detection and segmentation are essential in the analysis of hESC and they are closely related.
Guan et al. [9] , [10] present bio-inspired detection/segmentation methods for hESC in phase contrast images. Their segmentation method was developed based on the image property differences between cell region and background [10]. Yin et al. [11] also developed a cell segmentation method by using a bag of local Bayesian classifier. Their segmentation method classifies each pixel in a region with a Bayesian classifier. However, both methods only work for extraction of cell and cell colony from a phase contrast video. In this paper, we are concerned with the detection of blebs of a single cell. Note that blebs are part of the cell with similar image properties. Since there is no previous work on detection of blebs, we will exploit the following four commonly used methods for image segmentation: region growing (RG), normalized cut (NC), meanshift and watershed.
Region growing by Adams et al. [12] , [13] grows a region initially from a seed point and groups its neighboring pixels to its region based on their similarity coefficient threshold. Normalized cut (NC) method by Shi et al. [14] is a graph based approach, and performs segmentation by maximizing association within groups while minimizing disassociation between groups. Meanshift (MS) method by Comaniciu et al. [15] is a well-known density based approach that partitions the image by assigning pixels into clusters with the same mode [16] , [17] . Watershed (WS) method performs a flooding process on a gradient image where it starts at a local minima and builds watersheds to separate adjacent catchment basins [18] , [19] .
Challenges for Bleb Analysis
Since a bleb is part of the cell, it brings the following challenges: i) bleb intensity and texture vary for different cells; ii) blebs are connected to the cell body; iii) blebs have similar intensity/texture as the cell body or background; iv) neighboring blebs share similar intensity and texture. Fig. 4 shows a set of expanding and retracting blebs. Although these blebs look similar, they are different from each other in intensity and texture. Therefore, the conventional segmentation methods with constant parameters will not work well on all the bleb images in a video. Most importantly, blebbing is a dynamic process, and the bleb properties change over time. As a result, subsequent blebs in the same video sequence might have different image properties. Consequently, the performance of RG, NC, MS and WS methods will suffer from any constant input parameters.
Contributions of This Paper
We propose a bio-inspired optimization method for the segmentation of dynamic blebs. The proposed approach adapts parameters for images in the bleb formation process: expansion and retraction. The parameters for the bio-inspired metric are derived directly from the distributions of change in area and orientation between consecutive blebs. Since the health status of a cell can be determined from the bleb formation process, it is important to improve the accuracy in bleb detection. Therefore, the proposed optimization method is essential in quantitative analysis of cell health.
TECHNICAL APPROACH
In this section, we first introduce the derivation of the statistical models for bio-inspired optimization metric. We also elaborate on the optimization metric. We then explain the segmentation methods for the detection of blebs in video. In addition, a summary of the proposed algorithm and a flowchart for segmentation in video are also provided. For the convenience of the reader, a summary of the symbols used in this paper is given in Table 1 . Fig. 5 shows the overview of the proposed system.
The proposed system uses exhaustive search to obtain an optimal solution. Segmentation result with specific parameters is given a score in the bio-inspired optimization step. This score is calculated based on the modeled distributions. The modeled distributions are the generalized distributions obtained from distribution fitting the change in bleb areas and orientations.
Modeled Distributions
Motivation
Since image properties of a bleb changes with time, constant parameters of segmentation methods will perform poorly. Therefore, dynamic parameters with consideration of bleb changes over time are needed for the segmentation methods. Based on our observation of the hESC blebbing videos, we concluded that DA and Du between consecutive frames provide relative behavior of a bleb over time. Fig. 1 shows an example of how bleb changes over time. Therefore, we obtain the generalized models for DA and Du distributions through model fitting. 
A GAM
Shape parameter of the Gamma distribution.
B GAM
Scale parameter of the Gamma distribution. S a;f DA; Du ð Þ Bio-inspired optimization metric.
DA; Du
Values for change in bleb area and orientation. a Parameters vector of modeled DA distribution. f Parameters vector of modeled Du distribution.
Learning the Distributions of DA and Du
We used a model fitting technique on the actual distributions of DA and Du. Equations (1)- (6) are used in our model fitting technique [20] , [21] . Definitions of parameters for the following equations are provided in Table 1 . Exponential distribution function:
Gaussian distribution function:
Lognormal distribution function:
Poisson distribution function:
Rayleigh distribution function:
Gamma distribution function:
GðÃÞ is a gamma function operator. The optimal parameters and mean squared error (MSE) for each distribution is shown in Table 2 . Since we are seeking model that yields low MSE for each distribution, we conclude that both DA and Du. can be characterized as Gamma distributions. Fig. 6 shows the best models that fit the actual DA. and Du distributions.
Bio-Inspired Optimization for Segmentation
For this paper, the segmentation methods with the bioinspired optimization are called bio-optimized methods. The bio-inspired optimization metric provides an adaptive solution to the segmentation problem with following two steps. First, the metric yields scores for a set of parameters in a particular segmentation method and retains the corresponding scores of the parameters in the set. Second, optimal solution is selected from the parameters with the highest score.
Bio-inspired Optimization Metric
The optimization metric S a;f DA; Du ð Þconsiders D 1 and D 2 , the modeled DA and Du distributions, as two independent distributions. D 1 DA; a ð Þ is a score of DA in a distribution that is parameterized by a. D 2 Du; f ð Þis a score of Du in a distribution that is parameterized by f. The general form of the optimization metric is shown below
The final form of the optimization metric is shown in the following equation:
The optimized S max is found when the metric score is maximized wita given DA and Du values.
Parameter Update
The initial centroid and area of the bleb are given by the end user. Bleb centroid tells the algorithm about the region of interest. Bleb area is needed to calculate DA and Du for the segmentation parameters. The subsequent bleb centroid and bleb area in a video sequence are generated automatically. The bleb centroid of the next frame is the centroid of the current detected bleb region [22] . Moreover, the assumption of smooth/gradual transition between consecutive frames is made for bleb formation processes. The detected bleb at each frame is a region where the optimal parameters of a segmentation method that maximized the bio-inspired optimization metric which is described in equation (8) . Equation (8) uses the modeled distributions as shown in Fig. 6 to calculate the scores for the segmentation parameters. When the maximum score is found, the estimated bleb centroid and current bleb area for the next frame are updated. The output of the method for a video is a sequence of binary masks of the detected blebs.
Segmentation Methods Compared
In this section, we explain each segmentation method in detail and show how bio-optimization is achieved. We also provide Table 3 which summarizes the search range for each optimization parameter.
Region Growing
Region growing is a region based segmentation method. It starts with an initial seed point and iteratively evolves its region by evaluating its region's neighboring contour. It groups the contour pixels based on a similarity threshold. The contour pixels are grouped into the region if the similarity between the pixel and region feature is less than a threshold. As a result, the performance of the region growing method depends on the selection of the threshold. In the bio-optimized region growing approach, the threshold is an adaptive parameter that is needed to be found. The search range for the optimal threshold in the bio-optimized region growi is from 0 to 1 with stepsize 0.01.
Normalized Cut
Normalized cut is a graph based approach. It considers each pixel as a vertex and edge as a connection weight between pixels. The main objective of this approach is to minimize the disassociation between the groups while maximizing the association within the groups. The number of possible groups is determined by the end user. As a result, the number of possible groups in an image is the adaptive parameter in the biooptimized normalized cut. Since the bleb is the foreground and the rest of the image is the background, we have at least two components in the image. Based on observation, each frame consists of five different regions: 1) background; 2) cell body; 3) halo; 4) bleb; 5) debris or part of neighboring cell.
Since the image contains these five basic regions, the number of expected regions is five under ideal condition. With the consideration of the worst case scenario, we double the number of possible components in an image. Therefore, the search range is set to be 2 to 10 components.
Meanshift
Meanshift method is a density based approach. It has two parameters: spatial and range bandwidths. It also requires the minimum size of a region. In this paper, the minimum size of a region is set to be 60 pixels which is the smallest recognizable bleb. The spatial range determines the size of the search window that computes the meanshift. The range bandwidth determines the window size that is used to compute the feature. In this paper, the optimization search range for the spatial bandwidth is from 1 to 8 and the range bandwidth is from 1 to 8.
Watershed
Watershed is a topological based method. It is often applied on a gradient image. It partitions the image into two different sets: catchment basins and watershed line. The watershed method floods the topographic surface of a gradient image from its regional minima. It builds watershed lines to prevent waters in different catchment basins from merging. In this paper, the gradient image is the Euclidean distance transform of the marker image. The marker image (binary image) is obtained with the extended minimum of the original image [19] . The extended minimum approach depends on the suppressing value to binarize the image. Therefore, the suppressing value is the adaptive parameter for the bio-optimized watershed. Since the image is an 8 bit image, the search range for the optimal suppressing value is from 1 to 254.
Summary of the Proposed Algorithm
To further explain the segmentation block as shown in Fig. 5 , a flow chart of segmentation is provided in Fig. 7 . It shows a general process of segmentation with a set of parameters for a single bleb.
Algorithm 1. Bleb Extraction in Video
Input: V is a video with a total F number of frames. B cent and B area are given bleb centroid and area initially. Output: R is a sequence of binary masks of blebs. 
Data
All time lapse videos were obtained with a BioStation IM [23] , [24] . The frames in the video are phase contrast images.
The videos were acquired using 20x objective with 600 Â 800 resolution. Each video frame is acquired at 2 seconds time interval. For this experiment, we have 26 expansion, 30 retraction, and nine full bleb formation videos which are cropped randomly from the BioStation's raw videos. A total of 692 frames are in the 65 videos. The DA and Du distributions are derived from the first 13 expansion and 15 retraction videos. The remaining 13 expansion, 15 retraction and nine full bleb formation videos are used as the testing dataset. The ground-truth for all videos was generated manually by expert biologists.
Parameters 4.2.1 Segmentation Parameters of Standard Algorithms
The conventional segmentation parameters are identified individually by a receiver operating characteristic (ROC) curve [25] . Fig. 8 shows the ROC curves for four different segmentation methods. The training frames are obtained from the first frame of each 28 experimental videos. The optimal point is the maximum true positive rate (TPR) within the range of 0 to 0.4 false positive rates. Based on the ROC, we determined that the region growing's optimal similarity threshold is set to be 0.15. For the normalized cut method, the optimal number of components is 2. For meanshift, optimal range and spatial bandwidths are 1 and 3. Its minimum region criterion is set to 60 pixels which is the smallest recognizable bleb size. For watershed, the optimal suppressing value is 115.
Parameters for the Proposed Method
For the proposed method, the first bleb area and center were needed initially for each video sequence and were provided by the end user. The modeled distribution parameters are also required for the bio-inspired optimization metric. Since DA and Du distributions are best fitted by Gamma distribution with different parameters, we uses their optimal parameters in the optimization metric. DA distribution is modeled as Gamma distribution with parameters A GAM and B GAM equal to 0.431 and 143.288. Du distribution is also modeled as a Gamma distribution with parameters A GAM and B GAM equal to 0.338 and 57.574. The aforementioned model parameter values are used in equations (7) and (8) .
There are two different types of parameters that need to be considered for our approach: (a) the parameters of the optimization metric and (b) the range of parameters of the selected segmentation method. For the optimization metric parameters, the parameter sensitivity depends on the size and the quality (independent samples, image quality, etc.) of the representative dataset. Typically, a larger training dataset can better generalize the parameters in the optimization metric. For each segmentation method, the range of parameter values depends on the method and the characteristics of video frames. For this paper, a detailed discussion is provided in Sections 3.3 and 4.2 to determine the parameter range for each segmentation method. This range provided good segmentation results for the videos used in this paper.
Performance Measures
For comparison, we use methods suggested by Shattuck et al. [25] , [26] . Our comparison metrics are Jaccard similarity (JAC), Dice coefficient (DIC), sensitivity (SEN), specificity (SPC) and balanced accuracy (BAC). The JAC is a measure of similarity between experimental results and the ground-truth. The DIC is the measure of the agreement between experimental results and ground-truth. The SEN is a measurement of the proportion of actual positives which are correctly identified. The SPC measures the proportion of the actual negatives which are correctly identified. Moreover, the true positive rate is equivalent to SEN, and the false positive rate (FPR) is same as SPC subtracted from 1. The BAC is an average of SEN and SPC. The equation for each metric is shown below:
The variables are defined as follows: 1) true positive (TP), 2) true negative (TN), 3) false positive (FP) and 4) false negative (FN). TP indicates the overlapped region of the detected bleb's binary mask and the bleb ground-truth's binary mask. TN is the overlapped region of the detected background's binary mask and the background ground-truth's binary mask. FP is the detected background's binary mask that is falsely identified as part of the bleb region. FN is the detected bleb's binary mask that is falsely identified as part of the background.
Segmentation Results
Qualitative Results
The bio-inspired optimization on all segmentation methods, combined bio-optimized method, has better performance on average than other methods as shown in Fig. 9 . All bio-optimized methods have segmentation results closer to the ground-truth. Since the segmentation with the bio-optimized methods is constrained by the bio-optimization metric, over-segmentation was less significant than the conventional methods.
Quantitative Results
The segmentation methods with the bio-inspired optimization outperformed all conventional segmentation methods in this paper. The conventional meanshift with fixed parameters outperforms the other conventional segmentation methods. Based on average mean JAC and average mean DIC of the three datasets, the bio-optimized meanshift outperformed the conventional meanshift by more than 12 percent. In addition, all other bio-optimized methods outperformed their conventional counterparts by at least 5 percent in both mean JAC and mean DIC. The mean JAC and mean DIC performances for each dataset are shown in Table 4 .
The top four performers based on the average mean JAC and average mean DIC of the three datasets are ranked as combined bio-optimized method, bio-optimized region growing, bio-optimized meanshift and bio-optimized watershed. Table 5 shows corresponding average mean JAC and average mean DIC for the aforementioned top performers. The combined bio-optimized method is the best performer in all datasets. The combined bio-optimized method also has 79.19 percent in average mean BAC which is the best overall performance in all three experimental datasets. The combined bio-optimized's average mean BAC shows that at least 79 percent of bleb and background regions can be accurately retrieved.
To determine the statistical significance of the top four performers (combined Ã , region growing Ã , meanshift Ã , and watershed Ã ) as shown in Table 5 , a t-test with 5 percent significant level for the combined Ã method against the other three top performers (region growing Ã , meanshift Ã and watershed Ã ) is carried out. The t-test was done for DIC measure. We found that the bio-optimized combined method failed to reject the null hypothesis for the bio-optimized region growing and bio-optimized meanshift methods. However, the null hypothesis was rejected for the biooptimized watershed method. The acceptance of the null hypothesis was due to the fact that the combined Ã approach favored one individual segmentation method in some experiments. Therefore, it essentially yields the same solution as a particular segmentation method.
Based on Table 4 , the bio-optimized methods generally have lower average standard deviation (Std) in both JAC and DIC measures than their counterparts with exceptions of bio-optimized NC and bio-optimized RG. The conventional NC and RG have consistent lower performances in both JAC and DIC for all three datasets. Since the cell and the bleb are dynamically changing over time, adaptive parameters that are found with the bio-optimized metric improves the performance and consistency of the segmentation methods significantly. The fixed parameters in the conventional segmentation methods are not sufficient to handle the blebbing sequence where the bleb's image properties change over time.
Due to the bio-optimized metric, the bio-optimized segmentation methods did not suffer from severe over-segmentation. The bio-optimized segmentation methods' solutions are bounded by the bio-optimized metric. Therefore, the biooptimized segmentation methods have higher performance for the blebbing sequence than the conventional segmentation methods. The constant parameters in the conventional Ã denotes a bio-optimized method, and bold denotes best performance.
segmentation approaches are the cause for their low performance. The proposed methods with adaptive parameters are able to capture the local region of the bleb more accurately.
Discussion
Effect of Model Parameters on Performance
The parameters that characterized the DA and Du distributions are essential in the optimization process. Inaccurate model parameter values might lead to either under-segmentation or over-segmentation of the bleb. As a result, the model parameters found through model fitting are important for equation (7) which yields a score for each element in a set of segmentation parameters.
Effect of Bleb and Cell Sizes on Performance
The bleb and cell body size are important for the performance in the optimization process. There are three types of small blebs that have poor performance in the proposed method:
1. Small blebs due to smaller cell (typically a small bleb has roughly 240 pixels or less). 2. Small blebs at the initial stage of the expansion. 3. Small blebs at the final stage of the retraction. The smaller blebs for any process are not fully developed and often have similar intensity and texture as the cell body. Therefore, over-segmentation is bound to happen if the cell body and its bleb share similar image properties. The proposed method yields a lower value in comparison metric for small blebs. However, larger cells with larger blebs often perform better. A typical large bleb has 1,700 or more pixels.
Automation in Segmentation
The bio-optimized segmentation method is a semi-automated approach in which the initial bleb centroid and area is given by the user in the first frame. Automation is done on the subsequent frames in a video for the optimal segmentation result with equation (8) . However, it still alleviates the biologist's burden from complete manual extraction of bleb in video for analysis. The proposed yields bleb area distribution and provides the bleb boundary over time. It is a useful data mining approach to help biologist quantify analyses on dynamic and apoptotic blebbing behavior.
Time Complexity
Since the proposed method was an iterative optimization process, it yielded higher time complexity for all bio-optimized segmentation methods. The best performer among the biooptimized segmentation methods was the combined biooptimized method. However, it required an average of 36.14 seconds to process a single frame as shown in Table 6 . The bio-optimized meanshift was the only bio-optimized method with the lowest time complexity. The tradeoffs between the bio-optimized meanshift and combined bio-optimized method were performance and time complexity. The experiments were done on a laptop with an Intel(R) Core TM 2 DUO CPU processor that run at 2.53 GHz.
CONCLUSIONS
The bio-optimized segmentation methods have better performances than their conventional counterparts. Their high performance shows the modeled distributions is significant for segmenting blebs in videos. With the bio-inspired optimization metric, low performance due to over-segmentation is reduced. However, the segmentation method might not generate an ideal/exact solution to optimize the metric tightly due to the fact that a bleb has similar image properties to its cell body. The over-segmentation in the approach is the inability of the segmentation method to discern the bleb from its cell body.
In terms of biological contribution, this paper introduces a new concept that the bleb formation/retraction process can be used as a biological indicator of cell health. Healthy cells retract their blebs back to the cell body, while nonhealthy cells do not retract them or retract them slowly. In terms of a computational contribution, this paper suggests a bio-inspired optimization metric to segment bleb regions. We introduced an approach to improve bleb detection accuracy by using adaptive parameters instead of using constant parameters for all bleb frames in a video. The proposed segmentation methods with adaptive parameters found by the bio-inspired optimization metric has consistently higher performance. In the future work, we will consider incorporating shape prior information in our approach for accurate bleb detection [27] , [28] . Shape prior will introduce shape variability consideration in our approach [27] .
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